In most animals, the brain makes behavioral decisions that are transmitted by descending 25 neurons to the nerve cord circuitry that produces behaviors. In insects, only a few 26 descending neurons have been associated with specific behaviors. To explore how these 27 neurons control an insect's movements, we developed a novel method to systematically 28 assay the behavioral effects of activating individual neurons on freely behaving terrestrial 29 D. melanogaster. We calculated a two-dimensional representation of the entire behavior 30 space explored by these flies and associated descending neurons with specific behaviors 31 by identifying regions of this space that were visited with increased frequency during 32 optogenetic activation. Applying this approach across a population of descending 33 neurons, we found, that (1) activation of most of the descending neurons drove 34 stereotyped behaviors, (2) in many cases multiple descending neurons activated similar 35 behaviors, and (3) optogenetically-activated behaviors were often dependent on the 36 behavioral state prior to activation. 37
Introduction 38
As animals navigate a dynamic environment, their survival depends on their 39 ability to execute specific motor programs and to adjust motor output in response to 40 external stimuli. While the brain performs computations essential for behavior, the motor 41 circuits that directly control behavior are located close to the muscles that they control in 42 the vertebrate spinal cord and insect ventral nerve cord. Information to drive motor 43 patterns must therefore be transmitted from the brain to the nerve cord to direct behavior. 44
Since there are many fewer descending neurons than neurons in the central brain, 45 descending neurons generate an information processing bottleneck, which may generate a 46 fundamental problem in information coding. 47
In flies, descending commands from the brain to the ventral nerve cord are 48 transmitted through an estimated 250-550 pairs of descending neurons that arborize in 20 49 highly-conserved clusters in the brain involved in sensory processing and motor behavior 50 Hsu & Bhandawat, 2016) . Each descending neuron 51 extends a single axon through the neck connective to the ventral nerve cord, where they 52 synapse onto interneurons associated with leg, neck, and wing motor circuitry (Namiki et 53 al, 2017) . 54
Little is known about how so few neurons-approximately 0.5% of all neurons in 55 the fly (Alivisatos et al., 2012)-encode signals from the brain to control the full range of 56 movements performed by a freely moving fly. Several potential models have been 57 suggested. One possibility is that, as with vertebrates, many stereotypical insect 58 behaviors, such as walking, flying, or "singing" can be decomposed into individual motor 59 modules controlled by central pattern generators located in the ventral nerve cord. 60 individually in freely behaving animals. Second, we have not had a high-throughput, 84 unbiased behavioral phenotyping pipeline capable of objectively categorizing all of an 85 individual's movements. Historically, insect descending neuron anatomy, connectivity 86 and function have been described by backfilling neurons with dye and recording from 87 individual neurons in locusts, grasshoppers, and cockroaches (for a review see 88 (Strausfeld, Bassemir, & Singh, 1984) ), with more recent studies performing similar 89 experiments in flies (Hsu & Bhandaway, 2016) . While this approach has allowed 90 researchers to describe the anatomy and electrophysiological responses of individual 91 neurons, it is inherently low throughput and biased towards larger or otherwise more 92 accessible neurons. Additionally, because experiments are typically carried out on 93 immobile preparations, only in rare cases have investigators been able to link individual 94 neurons to behavior (e.g. (E. Staudacher & Schildberger, 1998) To assess how descending neurons control motor behaviors on a systems scale, it 100 will be necessary to move beyond isolated examples and to describe the behavioral 101 functions of large numbers of descending neurons. Our goal was to identify all of the 102 behavioral phenotypes observable in one particular setting, freely behaving flies moving 103 within a two-dimensional arena, for many descending neurons, without any a priori 104 expectation about the neurons' effects on behavior. Namiki et al ) 105 created a collection of transgenic Drosophila strains that target descending neurons using 6 the split-GAL4 intersectional system (Pfeiffer et al., 2010) in a cell-type specific manner. 107
We screened 130 of the sparsest lines in this collection, targeting approximately 160 108 neurons that are divisible into 58 distinct anatomical cell-types. 40 of these cell types 109 consist of a single pair of bilaterally symmetric descending neurons, while the remaining 110 18 categories target populations of 3 to 15 descending neurons with similar 111 neuroanatomy. We used this split-GAL4 collection to drive the expression of the red-112 shifted channelrhodopsin CsChrimson (Klapoetke et al., 2014a) in specified subsets of 113 descending neurons, allowing us to photo-activate these neurons in a temporally precise 114 fashion. We combined these genetic reagents with a recently described method for 115 objective, quantitative analysis of behavior (Berman, Choi, Bialek, & Shaevitz, 2014) to 116 comprehensively identify the behaviors associated with the activation of specific neurons 117 in an unbiased fashion. Unlike supervised machine learning approaches for classifying 118 behavior, this approach does not rely on a human-trained classifier to decide which 119 behaviors are of interest. Instead it captures a wide range of movements by converting 120 high-dimensional postural dynamics into a two-dimensional map using dimensionality 121 reduction techniques (Berman et al., 2014) . Using this method, we associated 80% of the 122 descending neurons in our collection with specific behaviors. 123
We have generated a behavioral dataset from freely walking animals that 124 comprehensively describes the activation phenotypes of roughly one third to one half of 125 the total number of fly descending neurons. The size of this dataset has allowed us to 126 move beyond individual examples to extract general features of descending neuron 127 function, and therefore to consider how these neurons might encode information to 128 modulate behaviors. We find that, with a few exceptions, descending neuron control of 129 12 flies in separate chambers simultaneously at high resolution ( Figure 1A ). We crossed 140 each split-GAL4 line to a UAS-CsChrimson line, and we filmed six experimental 141 progeny that had been fed retinal, a co-factor necessary for neuronal activation via 142 channelrhodopsin, and six genetically identical control flies whose food had not been 143 supplemented with retinal. The flies were backlit using custom light tables, each 144 consisting of an array of infrared and red LEDs covered by a diffuser. Each chamber was 145 a 3 cm "fly bubble" (Klibaite (2017)), which had sloping sides coated with silicone. This 146 encouraged the flies to remain on the flat floor of the chamber, where they could roam 147 freely and would remain in the focal plane of the camera (Berman et al., 2014) . For each 148 split-GAL4 line, we recorded 30 trials consisting of a 15-second pulse of red light 149 followed by a 45 second recovery interval ( Figure 1A) . 150
If the descending neuron(s) labeled by a particular split-GAL4 line are involved in 151 triggering, maintaining, or modulating a particular behavior, then activating these 152 8 neurons with CsChrimson may be sufficient to activate that behavior. To identify 153 behavioral phenotypes in an unbiased manner, we utilized the behavior mapping methods 154 described in Berman et al. (2014) . First, we generated a comprehensive "behavior space" 155 of stereotyped actions that single flies could produce in our assay. We collected a dataset 156 of approximately 700 million images, which included behaviors recorded from activation 157 of descending interneuron split-GAL4 lines, previously characterized sparse GAL4 158 drivers (fruitless-GAL4 and pIP10) that trigger courtship-related behaviors (Stockinger, Each position in the behavior space corresponds to a unique set of postural 171 dynamics. Nearby points represent similar motions, i.e. those involving related body 172 parts executing similar temporal patterns. By observing the video data underlying sub-173 regions of the behavior space ( Figure S2 and movies S1-S5), we generated a human-174 curated version of the behavior space to aid interpretation ( Figure 1C ). In this behavior 9 space, anterior directed movements such as eye/antennal grooming and proboscis 176 extension are located at the top (supplemental movie S1). Anterior-directed foreleg 177 movements are on the upper left side (movie S2). Extremely slow or still postures are on 178 the upper right side (movie S3), and complex wing and abdomen movements such as 179 body and abdomen grooming, abdomen bending and wing extension are in the center 180 (movie S4). Locomotion, ranging from slow (left) to fast (right) is at the bottom (movie 181 S5). 182
Red peaks, or density maxima, represent the fly behaviors observed most 183 frequently in our data set. These tend to be repetitive, stereotyped behaviors, such as 184 walking or grooming, that our analysis methodology is most sensitive at detecting. By 185 definition, we could not detect behaviors occuring over time-scales faster than 50 Hz, the 186 Nyquist frequency of our system. Approximately 93% of all video image data points 187 could be embedded in this space, irrespective of whether the red light was on or off 188 ( Figure S3 behaviors that could be captured with our apparatus, we next examined which parts of 196 this space were occupied when individual or subsets of descending neurons were 197 optogenetically activated by CsChrimson. We focused on 130 split-GAL4 lines that 198 targeted descending neurons with little, or no, extraneous expression in other neurons. 199
We first considered the timing and duration of red light triggered behaviors. If 200 descending neuron activation triggered a particular behavior represented in the behavior 201 space, then we expect that the density of that line in the behavior space should shift into 202 the region that represents that behavior during periods of red light activation. For (supplemental movie S6). We identified regions in the behavior space that experienced a 206 statistically significant shift in density for experimental flies during the first three seconds 207 of red light compared to a window at the end of the recovery period when the red light 208 was off ( Figure 2B , C, Figure S4 ). This same region in the behavior space did not 209 undergo a significant shift in the control flies (Wilcoxon rank-sum test p < 0.05 using the 210 Dunn-Šidák correction for multiple hypotheses (Šidák, 1967) ). Likewise, when 211 considering densities over the whole behavior space in three second sliding windows, the 212 experimental, but not the control, flies shift into the head grooming region (arrowheads, 213 Figure 2C ). 214
The shift in behavior in the experimental animals, and the timing of this shift 215 relative to red light activation, can be detected as a reduction in the entropy of the 216 behavior space density during this epoch ( Figure 2A ). Entropy measures the degree of 217 disorder inherent in the distribution of the flies in the behavior space. When the red light 218 was off, flies exhibited a range of different behaviors, and the probability that they 219 performaned any one behavior was low. This results in a low probability density 220 distributed throughout the behavior space and correspondingly high entropy (Figure 2A) . 221
Upon red light activation, the experimental fly line engaged in red light triggered 222 behaviors at the expense of other natural behaviors. This increased the probability that 223 they occupied a small region within the behavior space, generating a drop in entropy 224 whose timing and duration mirrored that of the red light triggered behaviors (Figure 2A  225 movie S7). We can therefore use entropy as a proxy for the duration and onset of red light 226 triggered movements in the behavior space without needing to know, a priori, which 227 behaviors are activated (i.e. which part of the behavior space to examine). 228
The region density and entropy are quantitative measurements sensitive to small 229 changes in behavior map distribution. We therefore used these values to identify subtle 230 phenotypes that could not be easily identified by manual inspection of the movies. For To characterize the time-course and likelihood of optogenetically-induced 239 phenotypes across the entire collection of descending neuron lines, we examined the 240 entropy time course of each line ( Figure 3 ). We found that most lines displayed the 241 largest entropy drop immediately after red light activation ( Figure 3A ). For roughly a 242 third of the lines, this entropy drop persisted throughout the entire red light activation 243 window ( Figure 3B ). For most of the rest of the lines, however, the entropy drop was 244 transient and diminished after several seconds ( Figure 3B ). For a minority of lines, the 245 entropy minimum occurred near the middle or end of the activation window ( Figure 3B ). 246
We reviewed the raw video data for these lines and found that most of these flies 247 performed some action upon red light activation, followed by a pause. This explained 248 why the entropy was lower in the later part of the activation window, because consistent 249 stillness is a low entropy state (see Figure S5 for a line by line description of 250 phenotypes). We therefore performed our system-wide analysis using the first 3 seconds 251 of the red light activation period, because this time period captured the majority of 252
CsChrimson activated behaviors. 253
In our initial analysis, we looked for behaviors produced when our descending 254 neuron lines were activated using a comparatively low level of red light, (5 mW/cm 2 ). 255
Under these conditions, 91 of the 130 lines (69%) displayed a statistically significant 256 increase in density of some area of the behavior space. We then re-tested most of the 41 257 lines that did not produce a significant density increase by driving CsChrimson at higher 258 levels by growing the flies on food containing an increased retinal concentration and 259 exposting flies to higher intensity red light (9 mW/cm 2 ). Under these conditions, 80% of 260 the lines that had previously displayed no phenotype produced a statistically significant 261 increase in density in the behavior space. 262
Pooling the data from the low and high activation protocols, we detected 263 statistically significant increases in the behavior space in 119 of the 130 (90%) 264 descending neuron lines ( Figure 4A ). In 86 cases, we observed an increased density in 265 only a single statistically significant region in the behavior space. However some lines 
Behavioral result of descending neuron activation is often context dependent 290
Why does activation of some descending neurons result in multiple, distinct 291 behavioral outputs? One possibility is that the behavioral output of some descending 292 neurons depends on the behavioral context of the fly when the descending neuron is 293 activated. To address this possibility, we calculated the mutual information between the 294 density distribution of the experimental flies in the behavior space at 1.5 to 0.5 seconds 295 before the red light was turned on versus the first second after red light activation. Mutual 296 information is a non-linear measure of the degree of dependence between two variables 297 and is typically measured in units of bits (Cover & Thomas, 2005) . The higher the mutual 298 information, the more the first variable, here the behavior of flies immediately prior to 299 red light activation as measured by their distribution in the behavior space at t = -1.5 to -300 0.5 seconds, informs the value of the second variable, the region of the behavior space 301 occupied in the first second of red light activation. 302
We found that, in all cases, experimental animals displayed non-zero mutual 303 information between the pre-and post-stimulation behaviors ( Figure 5A ). In addition, for 304 most lines, more information was available in the experimental flies than in the controls 305 ( Figure 5B ). This means that even in those cases where red light activation produced only 306 one significant region in the behavior space, the fly's activity prior to red light activation 307 influenced whether or not it performed the behavior. However, lines with multiple red 308 light activated regions in the behavior space were also those with a relatively high level 309 of mutual information ( Figure 5A-B ). Thus, a given fly's behavior before red light 310 activation was highly informative of which behavior that fly would perform after red 311 light activation, as indicated by the different significantly activated regions in the 312 behavior space. Figure 5C displays this phenomenon for one of the lines with the highest 313 mutual information, SS02542 (asterisk in figure 5A -B, also shown in Figure 4C ). Here, 314 if the flies were performing an action in the wind/abdomen movement regions of the 315 behavior space prior to the stimulation, they were likely to perform an anterior movement 316 (region 1) immediately following stimulation. Similarly, flies performing anterior 317 grooming were likely to transition to the small anterior twitch region (region 2), and flies 318 that were initially still tended to remain still post-stimulation (region 3). 319
Individual descending neurons produce mainly stereotyped, modular behaviors 320
So far, we have analyzed split-GAL4 lines as if they were a proxy for individual 321 descending neurons or anatomical classes of descending neurons. However, these lines 322 vary in both their strength of expression and in the number and identity of additional cells 323 labeled. To estimate phenotypes for individual descending neurons, we therefore 324 averaged the behavior space densities of multiple lines for those cases where we had 325 multiple lines targeting the same descending neuron ( Figure 6 ). Using this method, and 326 combining it with those descending neurons for which we had only a single 327 representative split-GAL4 line, we estimated phenotypes for 47 of the 58 descending 328 neuron cell types. We have also included six lines and line averages that target two 329 different types of descending neurons cleanly, but for which we have no lines that target 330 each type individually. Twenty-six descending neurons drove locomotion phenotypes and 331 ten drove anterior directed foreleg movements. We also identified six new descending 332 neurons that triggered wing and abdomen movements (plus the previously published 333 pIP10 (von Philipsborn et al., 2011b)), two that drove anterior grooming, one that drove 334 abdomen stroking, and four that drove still or slow behaviors. 335
In general, we found that activation of each type of descending neuron drove 336 behaviors that mapped to a relatively small region of the behavior space. For example, 337 some descending neurons drove slow locomotion, whereas others drove fast locomotion. 338
Only a few, such as DNa01, DNa02 and DNp26, seemed to produce a global increase in 339 locomotor activity. Likewise, we found descending neurons that produced different types 340 For several reasons, this is unlikely to be a comprehensive categorization of the 352 activation effects of these descending neurons. First, behaviors performed more quickly 353 than the Nyquist frequency of 50Hz for our movies could not be detected. Second, we 354 assayed only behaviors that can be activated when flies are standing and walking. 355
Descending neurons controlling behaviors gated by flight, for example, would not be 356 detected. Third, we assayed only males, so any female-specific behaviors may not be 357
identified. Finally, we assayed solitary flies, so any behaviors gated by social 358 interactions, for example courtship, may not have been detected. 359
There are several, non-mutually exclusive ways a limited number of seemingly 360 highly modular descending neurons could encode the wide range of behaviors undertaken 361 by freely moving animals. First, descending neurons could be more important for 362 triggering and maintaining behaviors than for controlling individual details of a given 363 motor program (Heinrich, 2002) . Many motor programs, particularly those controlling 364 repetitive, rhythmic actions such as walking or stridulation, can function in the absence of 365 descending control ( (Bentley, 1977; Kien, 1983) , for a review on walking circuits see 366 Second, behaviors might be controlled not by single descending neurons acting as 375 command neurons, but by combinations of descending neurons acting in concert 376 (Heinrich, 2002) . Neuroanatomy suggests this possibility; roughly a third of described 377 descending neurons appear to have unique projection patterns in Drosophila and 378
Calliphora, while the rest share common input and/or output regions in the brain and 379 ventral nerve cord with other descending neurons (1988) suggest that sufficiently strong stimulation of one 385 neuron in a command cohort or module is sufficient to recruit the activity of the other 386 descending neurons, triggering the behavior. Our data do not allow us to definitively 387 address this question. However, the large number of descending neurons that drive 388 similar patterns of fast locomotion, slow locomotion and anterior reaching suggest that, 389 for these motor circuits at least, this is a possibility. Alternatively, it is possible that many 390 of these descending neurons modulate distinct aspects of these motor programs. 391
Third, another way to generate behavioral complexity is through coding different 392 behaviors via combinations of descending neurons. We examined a few lines that target 393 multiple descending neurons. We compared behaviors produced by these "multi-hit" 394 split-GAL4 lines with lines that targeted the individual neurons and found only weak 395 evidence for the emergence of new behaviors when descending neurons were triggered in 396 combination. For example, both DNa05 and DNd02 produce slightly different 397 phenotypes when activated in combination with DNa07 and DNd03, respectively, as 398 compared to when lines targeting these neurons are activated alone (see Figure S5 ). 399
However, our collection contains, by design, few lines driving expression in 400 combinations of descending neuron types. Therefore, further exploration of this idea will 401 require the generation and characterization of additional lines. are less prevalent suggests that descending neuron outputs may be context dependent. By 417 forcing the flies to remain on a two dimensional substrate in isolation, we may have 418 observed predominantly indirect results of behaviors that would normally take place in a 419 different context. For example, when we activated a line expressing in DNp01, the giant 420 fiber, a neuron known to elicit a rapid escape response initiated by a jump when 421 optogenetically activated (Lima & Miesenbock, 2005) we detected the flies running after 422 returning back to the ground because the jump was too fast (~30 ms) to be detected in our 423 assay. It is also possible that some of these descending neurons are never naturally 424 20 activated in the two-dimensional context of walking and that proprioreceptive feedback 425 may have generated abnormal behaviors in our assay. 426
Our objective, quantitative assessment of a descending neuron activation screen 427 provides a foundation for understanding descending neuron functions more broadly. 428
Using similar analytical approaches to study the results of descending neuron activation 429 and inactivation in other behavioral settings in the future will broaden our understanding 430 of how descending neurons direct motor patterns in specific behavioral contexts and 431 reveal how the fly's rich behavioral repertoire can be encoded with only a few hundred 432 neurons. 433 434
Materials and Methods 435
Fly stocks and fly handling 436
The descending neuron split-GAL4 driver collection is described in Namiki et al 437 
Behavior Space Generation 502
Our approach for generating a behavior space largely follows the methodology 503 originally described in Berman, 2014 (Berman et al., 2014 , which describes much of the 504 procedure in additional detail. We first segmented flies using Canny's method for edge 505 detection (Canny, 1986) and morphological dilation to find the outline of the fly. All 506 pixels within the corresponding closed curve were considered part of the fly. We assumed 507 that all flies had identical morphology but variable sizes. We calculated a rescaling factor 508 for each fly by segmenting 100 randomly-selected images from a single fly and finding 509 the pixels belonging to that fly's body (head, thorax, and abdomen) in each of them, 510 ignoring pixels associated with the wings and legs. Body pixels were assigned via a two-511 component Gaussian mixture model, and the average value of the number of pixels was 512 chosen as the body area. All frames from a single movie were then uniformly re-scaled to 513 make the number of body pixels in the average image equal to that in a reference image 514 of a fly. We then rotationally aligned segmented, recalled images by finding the maximal 515 angular cross-correlation of the magnitudes of the two-dimensional polar Fourier 516 transforms between the image and a reference image. This reference image was common 517 to all aligned images. Translational registration was then performed by maximizing the 518 spatial cross-correlation. 519
Postural decomposition was performed as described in Berman (2014) . Images 520
were Radon-transformed using a 2 degree spacing, and the 9,781 Radon-space pixels that 521 contained the most variance were kept for further analysis (>95% of the total variance). 522
We then performed principal components analysis (PCA) on these data, keeping the 50 523 modes capturing the most variance (>90% of the total variance). We projected the 524 segmented and aligned images onto the found eigenvectors to create a set of time series 525 that were representative of the postural movements of the fly. To obtain dynamic 526 information about these time series, we applied a Morlet continuous wavelet transform to 527 these time series. We transformed each mode separately, using 25 frequency channels 528 that were dyadically spaced between 1 Hz and 50 Hz, retaining only the amplitudes of the 529 resulting complex numbers. 530
Low dimensional embedding of these wavelet time series using t-Distributed 531
Stochastic Neighbor Embedding (t-SNE) (van der Maaten & Hinton, 2008) largely 532 followed the approach in (Berman et al., 2014) as well. A distance metric between points 533 in time was calculated via the the Kullback-Leibler divergence (Cover & Thomas, 2005 ) 534 between their associated normalized mode-frequency spectra. Because this data set 535 contains several orders of magnitude more data than can be calculated through brute-536 force minimization of the t-SNE cost function, we used the sub-sampling technique 537 described in (Berman et al., 2014) to identify 600 representative data points from each of 538 the recording sessions. From here, points were randomly assigned subsequent groupings 539 such that each of these groups contained 36,000 data points. The same sub-sampling 540 process was performed amongst these data points, but now keeping twice as many data 541 points as in the previous iteration. This process was repeated until a data set of 36,000 542 points was obtained. We minimized t-SNE for this data set to create a low-dimensional 543 embedding. We used the re-embedding procedure described in (Berman et al., 2014) to 544 include data from outside the 36,000-point training set into the embedding, resulting in 545 the overall density seen in Figure 1 . 546 547
Statistical Analysis 548
Our main goal for the statistical analysis of the behavior space data was to isolate 549 regions of the map that were significantly affected by optogenetic stimulation. Here, we 550 assessed significance by (1) comparing the flies' behavior when the LED was on versus 551 when the LED was off, and (2) requiring that the effect of the LED stimulation be larger 552 in the experimental flies than in the control flies. Specifically, we compared the flies' 553 behavior during the first three seconds of stimulation (t=0s to t=3s, where the LED turns 554 on at t=0) to their behavior between stimulation (t=30s to t=45s). To statistically assess 555 whether a particular region of the behavior space was significantly affected by the 556 stimulus, we first defined ",$ %$ ( , ) to be the average behavior space density for fly 557 during the th cycle at location ( , ) during the first 3 seconds of excitation and 558 ",$ %,, ( , ) to be the same, but during the 15s window furthest from the stimulation. We 559 then tested whether ",$ %$ , was significantly different from ",$ %,, , through a 560
Wilcoxon rank sum test with Šidák corrections (p < .05 after corrections) (Šidák, 1967) . 561
To calculate the number of corrections, we conservatively assumed that the number of 562 measurements was equal to 2 . , where was the entropy of the mean density of the 563 behavior space. This is likely an over-estimate of the number of comparisons, but it 564 provides an upper-bound for the number of distinctions that could be made. 565
To compare the effect of the optogenetic stimulus on the experimental flies to that 566 of the effect on the control flies, we computed the quantity ",$ ( , ) = ",$ %$ , − 567 Stimulation-response entropy curves (Figure 2A & D) were generated by first 579 aligning each time point to its associated phase within the 60 second LED on-off cycle. 580
For each phase within the cycle, we found all embedding points from all relavent trials 581 that were detected within ±200 ms (using periodic boundary conditions). We then 582 generated a histogram of these points, normalized and convolved the resulting values 583 with a symmetric two-dimensional Gaussian of width = 2, to generate a probability 584 density function, ? ( , ) . From this, the entropy curve value at phase t was given by 585 = ∫ ? , log ? ( , ) . We then pooled data from all individuals of a 586 specific type together (i.e. all control flies from a given line or all experimental flies from 587 a given line) to calculate these curves. 588
Mutual information between pre-stimulus behavior space densities and post-589 , where <=: W ) is 591 the conditional probability of observing the fly's behavior to be at location between 1.5 592 and 0.5 seconds before the stimulus onset and ( W ) is the probability that the fly 593 transitions to region W following the stimulus onset. Finite data-size corrections were 594 performed by drawing subsets of the data with replacement and extrapolating to an 595 infinite number of trials, and error bars were generated by extrapolating the calculated 596 variance in a similar manner (Bialek, 2012) . The region of transition for each trial was 597 assigned by finding the mode of the behavior space distribution during the first second 598 subsequent to the onset of the stimulus. If the location of the mode of the distribution for 599 that trial was within or closer than 5-pixels to the edge of a region, it was assigned to that 600 region, unless another region was closer. Trials not assigned to any of the regions were 601
given a "zero" label, as reflected in the previous equation. 602
To provide a sense of scale, if there are significantly activated regions, the 603 maximum possible mutual information one could potentially measure between the prior 604 distribution and the activated region would be log 4 ( ) bits. Note, however, that we 605 assigned an additional state corresponding to the fly performing a behavior outside of the 606 significantly activated regions subsequent to the light turning on, thus making the 607 maximal possible mutual information log 4 ( + 1) . This additional "zero" state is 608 necessary to account for the possibility that the significant regions might be exhibited 609 only in a context-dependent manner, leading to no significant phenotype when the fly is 610 performing some behaviors at the onset of red light stimulation and leading to a 611 phenotype if other actions are being exhibited. 612 613 614
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